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Over the last 15 years, much research has been conducted on creating fairness-
aware classification algorithms. While a lot of work has been done on creat-
ing automatized solutions based on some mathematical definition of fairness,
recently the call for more flexible approaches has been growing. Rather than
trying to define or achieve fairness through one numeric measure for the entire
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Abstract. Abstaining classifiers have the option to refrain from provid-
ing a prediction for instances that are difficult to classify. The absten-
tion mechanism is designed to trade off the classifier’s performance on
the accepted data while ensuring a minimum number of predictions. In
this setting, often fairness concerns arise when the abstention mecha-
nism solely reduces errors for the majority groups of the data, resulting
in increased performance differences across demographic groups. While
there exist a bunch of methods that aim to reduce discrimination when
abstaining, there is no mechanism that can do so in an explainable
way. In this paper, we fill this gap by introducing Interpretable and
Fair Abstaining Classifier (IFAC), an algorithm that can reject predic-
tions both based on their uncertainty and their unfairness. By rejecting
possibly unfair predictions, our method reduces error and positive deci-
sion rate differences across demographic groups of the non-rejected data.
Since the unfairness-based rejections are based on an interpretable-by-
design method, i.e., rule-based fairness checks and situation testing, we
create a transparent process that can empower human decision-makers
to review the unfair predictions and make more just decisions for them.
This explainable aspect is especially important in light of recent Al reg-
ulations, mandating that any high-risk decision task should be overseen
by human experts to reduce discrimination risks. (Code and Appendix
for this work is available on: https://github.com/calathea21/IFAC).
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system, there is a growing recognition that we need to understand under which
circumstances unfairness occurs, which groups are most affected by it, and which
differences in the treatment of demographic groups might be justifiable [12,45].
Because of the delicate and nuanced nature of these questions, there is also
an increased consensus that automated algorithms cannot be used alone in the
identification and resolution of bias, but instead should actively be overseen and
adapted by human experts with sufficient knowledge about a domain and the
historic biases in place. This call for human-in-the-loop approaches for algorith-
mic fairness is now even mandated by Al legislation, such as the EU AI Act
[16]. Despite the clear call that human oversight and control are necessary, the
legislation says little about how it should take place [16]. A way to put humans
in the loop during the deployment of a system is provided by the framework
of selective classification. The original idea behind this framework is to build a
classifier that abstains from making a prediction when it is not certain about it.
In other words, these models reject ambiguous instances and pass them to bet-
ter decision models or human experts, to increase accuracy over all non-rejected
instances. Even though this idea originally dates back to the 1970s [9], it has
only barely been explored in the context of increasing the fairness of models, by
abstaining from predictions that might be unfair. Ensuring the interpretability
of such abstentions, and explaining why instances are seen as unfair can further
empower humans to understand whether to override original decisions or not,
and increase the overall fairness of the decision process [43].

In this work, we exploit this idea by proposing an Interpretable Fair Abstain-
ing Classifier (IFAC) for building selective classifiers that do not only abstain
from making decisions in cases of uncertainty but also in cases of unfairness.
We do so by adding an inherently interpretable mechanism for unfairness-based
rejections to a selective classifier, thus allowing the user to inspect the unfair
decisions of the model and the instances they need to review.

The paper is organized as follows: in Sect.2 we list the main papers in the
literature relevant to our work, in Sects.3 and 4 we provide, respectively, the
necessary mathematical background and formulation of our method, in Sect.5
we provide a thorough experimental evaluation of our method and finally in
Sect. 6 we discuss our results and conclude the paper.

2 Related Literature

Fairness in Classification. Classifiers exhibiting discriminatory behaviour
towards certain demographic groups have been a concern for some time now
[36]. Over the years, many metrics have been proposed to measure discrimina-
tion in these settings. These include group metrics, such as demographic parity
and equal odds, that compare how classifiers behave over different population
groups in the data. Particularly, demographic parity compares a classifier’s out-
put ratios and equal odds its error ratios across demographics [36]. Next to
group metrics, there are individual metrics to identify for one instance at a time
whether they are affected by discrimination. These metrics operate on the princi-
ple of treating likes alike and check if similar individuals receive similar decision
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outcomes [36]. When it comes to mitigating bias in classification tasks, a com-
mon approach is to choose one of the available metrics and build a classifier
to satisfy the associated fairness goal while maintaining its predictive accuracy
[7,24,48]. Recently, however, the simplicity of these approaches has been crit-
icized: optimizing for group metrics comes with the risk of cherry-picking, the
practice of arbitrarily changing prediction labels in pursuit of some “superficial”
fairness goal, without further attention to whether the decisions make sense on
an individual level [18]. Contrarily, only paying attention to individual fairness
does not ensure that discrimination does not still happen globally, and certain
demographic groups are not systematically excluded from receiving favourable
decision outcomes [18]. Hence, researchers have argued that instead of fixating
on one fairness goal in an automated manner, any efforts to detect and miti-
gate discrimination should be guided by domain experts, who can take a more
holistic approach to fairness, and make nuanced considerations about the nature
of bias and how to address it [25,41,45]. Related to this, researchers have also
pointed out the importance of addressing intersectional discrimination [12]. This
describes the unique discrimination that people from a combination of marginal-
ized groups (e.g., black women) face, which cannot be solely explained by the
“sum” of discrimination faced by each marginalized group in isolation (e.g.,
being black and being female) [13]. Currently, many works on fair classification
only focus on discrimination experienced by demographic groups as defined by
a single binary-sensitive feature. Recognizing that algorithmic harms can only
be combated when understanding how they uniquely unfold, some studies like
[6,19,46] have started incorporating intersectionality in their research.

Prediction with a Reject Option. The idea to allow a machine learning
model to abstain in the prediction stage dates back to the 1970s, when it was
introduced for classification tasks [9]. Two main frameworks allow one to learn
abstaining models, i.e. ambiguity rejection and novelty rejection [26]. The former
focuses on abstaining from instances where mistakes are more likely; the latter
builds methods that abstain on instances that are largely dissimilar from the
training data distribution [30,35,47]. Within ambiguity rejection, we can fur-
ther distinguish between Learning to Reject (LtR) [9] and Selective Prediction
(SP) [15]. The former (LtR) requires one to define a class-wise cost function
that penalizes mispredictions and rejections [10,11]. The latter (SP) requires
instead one to either pre-define a target coverage ¢ to achieve and minimize the
risk (bounded-abstention) [23,28,38,39], or fix a target risk e to guarantee and
maximize the coverage (bounded-improvement) [21,22].

Fairness and Reject Option. There are a few works that analyze the effects on
fairness caused by a reject option. [29] show that even if abstaining can improve
the overall accuracy, some demographic groups can be negatively impacted by
the reject option. [31] propose a surrogate loss for the classification task consid-
ering performance on different subgroups of instances. The proposed loss allows
enforcing a sufficiency condition to avoid unfair results. A similar approach for
the regression task is proposed by [42]. [40] provide a theoretical analysis of the



Interpretable and Fair Mechanisms for Abstaining Classifiers 419

selective classification framework when introducing a fairness constraint in the
bounded-abstention problem.

Explainability and Reject Option. The study of explainable AI (XAI) meth-
ods in the context of abstaining classifiers is limited. [17] propose a reject option
for natively interpretable models such as prototype-based ones. [2] consider coun-
terfactual techniques to explain reject options of learning vector quantization
classifiers. [3] introduce semi-factual explanations for the reject option, yielding
a model-agnostic approach at the expense of potentially high complexity. Finally,
[4] propose a model-agnostic framework to explain the abstention mechanism,
including counterfactual, semi-factual, and factual approaches.

3 Background

3.1 Selective Classification

Consider the triplet (L,S,Y): L represents the legally-grounded features and
takes values in £ C Rdl; S refers to the sensitive attributes and takes values in
S C R%; Y is the (binary) target variable, whose domain is J = {0,1}. For
example, if Y encodes being rich and our goal is to predict Y given some set
of features, L could include educational level and employment status, while S
could refer to gender or race. We denote with & = £ x S the whole feature space
and with X = (L, S) the pair of both legally grounded and sensitive features.

Given the hypothesis space H of functions (classification models) mapping X
to ), a learning algorithm aims to find a hypothesis & € H such that it minimizes
some risk measure R(h) = E[l(h(X),Y)], where [ : ) x Y — R is a loss function
and E is computed over the joint probability distribution P(X,Y).

To reduce the classifier’s error rates, one can add a selection mechanism
that allows the model to abstain from predicting over more difficult-to-classify
instances. More formally, we can define a selective classifier! as:

(h,gxx){h(x) it o) =1 (1)

abstain otherwise,

where g : X — {0, 1} is the so-called selection function or rejector?.

In practice, the selection function is often obtained by setting a threshold 7
on a confidence function v : X — R, which determines the portion of the data
on which the classifier is more likely to misclassify. In such a case, the selection
function can be defined as g(x) = 1{v(x) > 7}.

To avoid rejecting too many instances, the selective classification framework
introduces the coverage, i.e. the percentage of instances for which the selective
classifier must provide a prediction. Coverage is denoted as ¢(g) = E[g(X)]
and can be traded off for performance improvements. In this case, performance

! In this work, we use the terms abstaining and selective interchangeably.
2 We use the term abstain and reject when g(x) = 0 and accept or selects when

g(x) =1.
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is measured through the risk over the accepted region, commonly called the
selective risk and defined as R(h, g) = W.

To find a selective classifier that minimizes selective risk, it is necessary to
select a lower bound ¢ as a target coverage [23]. Given a target coverage ¢, an

optimal selective predictor (h,g) (parameterized by 6*, ¢*) is defined as:

argmin R(he, gy) st. &(gy) >c (2)
6€0,per

We learn the optimal parameters using an empirical counterpart of selective risk
and coverage, using an i.i.d. dataset D = {(x;,y;)}, drawn from P.

Finally, we call coverage-calibration the post-training procedure of estimating
the threshold 7 for the target coverage c specified in Eq. 2. This is generally done
by estimating the (1—¢)-100-th percentile of the confidence function over a held-
out calibration dataset.

3.2 Measuring Fairness With Association Rules and Situation
Testing

Association Rules: In our methodology, we make use of association rules to
identify discriminatory behaviour of a base classifier A, upon which g can decide
to reject its predictions. Let us assume we have access to a dataset of realizations
D. We recall x; = (1,8;) = (I}, -+ , 1%, s}, 5%), where I} refers to the value
taken by the j*" legally grounded feature of instance i and sg to the j*" sensitive
feature of instance 1.

We call a specific realization of a single variable within x; an item, e.g. if
we consider the variable race, race=White is an item. Let Z be the set of all
possible items. A subset I of Z is called an itemset.

We can decompose I into its legally grounded and sensitive parts, I =
(IL,Is), where Iy, is an itemset containing only legally grounded features and
Is is an itemset that contains only sensitive ones. A transaction T is a subset
of I with exactly one item for every feature in x. In other words, a sampled
instance’s features x; can be seen as a transaction 1. For a transaction T', we
say T wverifies itemset (Ir,Ig) if (I,Is) C T. The support of itemset (Ir,,Is)
with respect to the dataset D is denoted as suppp((I1,Is)) = %.

A decision rule is an expression (I1,,Is) — Y. The support of a decision rule
is suppp ((In,Is) = Y) = suppp((IL,Is),Y). The confidence of the rule is then

su Ir,Is),Y
defined as confp((Ip,Is) = Y) = %ﬁ;))).

To measure the impact of the sensitive features of a decision rule, the Selective
Lift (slift) measure introduced by [34] can be used. In this paper we use the
definition by difference of slift, which is detailed as follows:

sliftp (I, Is) = Y) = confp ((Ir,Is) = Y) — confp ((Ir,~Is) = Y) (3)

Computing confp(Ir,~Is) — Y requires one to take the confidence of all
the transactions that verify I, but do not verify Ig.
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Ezample. Consider an association rule race = Black, education = Masters
— income = low, with race C S and education C L and income = Y. Imag-
ine the confidence of this rule is 0.90 and its slift is 0.50. This means that
the confidence of race # Black, education = Masters — income = low is
0.90-0.50 = 0.40. Because of this high difference race # Black, education =
Masters could be seen as a subgroup at risk of discrimination.

As indicated by [33], decision rules can be learned on the original data using
algorithms like Apriori [1] and then filtered according to fairness-based policies.

Situation Testing: Since association rules only detect global discrimination
patterns, one can use the Situation Testing algorithm to further analyse fair-
ness on a local level [44]: To check whether instance x; receives a fair outcome
Y, we use a distance function to search D for x;’s k-nearest neighbors from
a reference group and a non-reference group, meaning we obtain two sets of
instances K}, and KCJ'. A reference group is defined by sensitive feature val-
ues of those instances from the data we assume to be treated favorably, for
instance, race = White, sex = Male. All instances not belonging to this group
are seen as the non-reference group. To define instance x;’s individual discrim-
ination score we calculate the ratio of positive decision ratio for K, and K7':
dec, = M, decy, = I{Jeleikyﬁl}\ and take the difference between
both (dec, — decy,). If this score exceeds the user-defined individual discrimina-
tion threshold ¢, it indicates that the treatment reserved to instance ¢ depends
on its sensitive characteristics.

4 Methodology

We propose to learn a selective classifier that does not only reject instances
based on the uncertainty of their predictions but also their unfairness. In doing
so we can decrease unfairness over all non-rejected instances. Further, by provid-
ing explanations for why some predictions are marked as unfair, we aid human
reviewers in understanding whether the fairness concerns are indeed justified
and enable a more informed decision process over them. We call our approach
IFAC (Interpretable and Fair Abstaining Classifier). The intuition behind IFAC
is visualized in Fig. 1: on top of the base classifier h we have our rejector g, which
takes an instance’s features x; and the classifier h’s prediction as its input. The
rejector first executes a global fairness analysis on this instance, checking if it
falls under any subgroups at risk of discrimination, as identified by discrimina-
tory association rules (Sect.3.2). If it does, it performs a local fairness check
using Situation Testing [44], evaluating how the prediction for h(x;) compares
to the labels of similar instances in the data. After this, a certainty assessment
is performed. Depending on the outcome of the assessment and the former fair-
ness analysis there are four possibilities for our rejector: in case the prediction is
deemed as fair and it exceeds a dedicated confidence threshold, the prediction is
kept. Contrary, fair predictions that fall below this threshold are rejected. If we
are dealing with an unfair prediction exceeding a separate confidence threshold
for unfair data, it also gets rejected: though the prediction is certain, we have
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reasons to doubt it, because it is unfair. Finally, on predictions that are both
unfair and uncertain, IFAC flips the original classifier h(x;) prediction. The rea-
soning behind these interventions is that predictions that are neither fair nor
certain are probably inaccurate, to begin with, and it is safe to alter them. This
flipping mechanism is also added in case the user-defined coverage for IFAC does
not allow to reject all unfair predictions. A complete walk-through example of
how IFAC makes rejections is provided in Appendix A.

Rejector

Test Black Box Fairness Analysis Certainty Analysis
Instance Prediction Global Check Using ‘ Certain ‘ Uncertain
pa— .
N Unfair Subgroups | _ ™ pair Predict Reject
P - Local Check Using Unfair Reject Intervene
Situation Testing T, Ty

Fig. 1. Intuition behind IFAC

Now that we have described the basic intuition behind how IFAC is applied,
we outline how it is learned. Given some data D, we split it into a training set
Dy, and two validation sets Dyaiy, Dyai,- Then, given the target coverage ¢ and
the unfair reject weight w,?, IFAC is devised as follows:

1. Learn a classifier: we train classifier A from D,.. We highlight that any
off-the-shelf probabilistic classifier can be considered, making our approach
model-agnostic;

2. Learn at-risk subgroups: we extract association rules from validation set
Dyal,- The rules allow us to understand if there are correlations between
sensitive features S and predictions of h, and, consequently, identify at-risk
subgroups [33];

3. Situation Testing: we prepare the hyperparameters and distance function
to run Situation Testing.

4. Calibration: we use the second validation set D,q;, to calibrate the rejection
strategy, considering both unfairness and uncertainty:

(i) the learned association rules are applied on Dyai,;

(ii) situation testing is performed for those instances falling under discrimi-
natory patterns. This allows one to split the sample into a fair part D, !
and an unfair one Dyary;

(i4i) depending on ¢ and w,, we estimate two different rejection thresholds,
i.e. 77 and 7,. These thresholds are computed following the coverage-
calibration procedure described in Sect. 3, ranking instances w.r.t. the
confidence function over samples D, , ! and Dyqy respectively.

Fig. 2 summarizes the steps needed to learn IFAC. In the rest of this section,
we further detail steps 2, 3, and 4.

3 The unfair reject weight w, determines how many rejections can be made based on
unfairness concerns.
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Step 1 Step 2 Step 3 Step 4
Learn Black Box Model Learn At-Risk Subgroups Prepare Situation Testing Learn Threshold
. tuati i o M
Train Set S ’\ Y- Situation Testing e
® /}Q./?D._ = ‘/,'g X
redict predict
P
Sensitive Neutral Class Validation Set | Validation Set Il
Info Info  Label -
extract divide
Discrimination Unfair Fair
learn . . °
% + >0 Decide on: s g éT", v
Distance Function g = g_::‘ S
S . Favouritism Parameters: ¢, k = Le
?\»/:.;?g_ vouriti: = ; E
. PE—e - 8
T o
o

i i Reject Thresholds:
Black Box Model At-Risk Subgroups Situation Testing i
Settings T Ty

Fig. 2. The four steps for learning IFAC.

4.1 Step 2: Learn At-Risk Subgroups

To learn global patterns of unfairness, we use discriminatory association rules,
as described in Sect.3.2. To do so we apply h on the first validation set Dy,
and extract the association rules for the data and hs predictions with the apri-
ori algorithm. We do so separately for each sensitive feature value and their
combination. For example, let us have two sensitive attributes sex and race
with two possible values, F,M and W,B respectively. We apply apriori and extract
rules for each of the itemsets: {sex=M}, {sex=F}, {race=W}, {race=B}, {sex=M A
race=B}, {sex=M A race=W}, {sex=F A race=W}, {sex=F A race=B}. Thus,
the number of rules found meeting minimum support is not biased towards the
largest demographic groups in the data.

As per our previous notation, we extract rules in the form of (I, Is) — Y, for
some prediction outcome h(x) in a binary classification setting Y € Y = {0, 1}.
We say that rules with Y = 0 describe potentially discriminated subgroups,
while rules with Y = 1 describe potentially favored ones. We extract favoring
associations only for fixed reference groups defined for our data, e.g. white men
(as described in Sect.3.2). After extracting both favoring and discriminatory
associations, we filter out statistically significant rules meeting an slift threshold.
We calculate statistical significance using Z-test, testing if the proportion of some
decision outcome Y is significantly different for the groups (I, Is) and (I, —Ig)
[8]. We only select rules with p < 0.01. Further, we filter out high-slift rules by
checking for which ones the following holds:

confp,, ((IL,Is) = Y,) = sliftp,,, ((IL,Is) — Y,) < 0.5 (4)

Which in the context of binary classification is true iff:

confp,,., ((Ip,—Is) = Y,) < confp,,., ((Ip,~Ig) — —Yy) (5)
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Intuitively, this means that we only select the groups {I.,Is} for which
negating the sensitive part of the group ({I1, —Is}) yields higher confidence for
value Y,, w.r.t. the opposite value —Y,, (brief proof in Appendix Section B).

4.2 Step 3: Situation Testing

Part of the abstention mechanism of IFAC is based on a local fairness check for
instances that are covered by global discrimination patterns. The aim is to use
the global check to identify larger subgroups at risk of unfair treatment, while
the local check allows us to execute a more fine-grained analysis taking all of an
instance’s characteristics into account. Our local fairness check is performed via
Situation Testing, comparing a prediction h(x;) for instance ¢ with the decision
labels of similar instances from Dy, (see Sect.3.2). For the algorithm, a suitable
distance function must be chosen e.g. we can consider the one used by Luong
et al. [44] or one learned from the data [32]. We follow Luong’s suggestion of a
context-dependent approach and let an expert choose hyperparameters ¢t and k
depending on the decision task [44].

4.3 Step 4: Calibrate Rejection Strategy

Whether the rejector keeps, rejects, or intervenes on the original prediction for x,
depends on the (un)certainty of the base classifier. To evaluate the confidence of
the classifier, we resort to the softmax response v(x) = maxycy s, [20,22], where
sy(x) = P(Y = y|X = x) is an estimate of the conditional probability. We then
estimate two thresholds 74 and 7, to choose between prediction, intervention,
and abstention. The final selective classifier is in the form:

h(x) if Fair(x) and v(x) => 7
abstain  if Fair(x) and v(x) < 7y
1—h(x) if 2Fair(x) and v(x) < 7
abstain  if =Fair(x) and v(x) >= 7,

(h,9)(%) =

To learn 7 and 7,, h is applied on our second validation dataset D,q;, and its
predictions are extracted. We then first extract those predictions that fall under
discriminatory associations as learned in Step 2. After, we apply the Situation
Testing algorithm as set up in Step 3 on those instances, and extract all that
fail this individual fairness test. We consider those as the unfair fraction of the
validation data (Dyqz) and the remaining ones as the fair fraction D, , I The
number of rejections that can be made for both groups is determined by two
parameters given by the user, namely the target coverage ¢ and the unfair reject
weight w,,. Given that the D,q;, consists of N instances of which N, belong to
'Dval; and Ny belong to Dvalg, we calculate the number of total rejections (Nyej),
the number of unfairness-based rejections (Nyf) and the number of uncertainty-
based rejections (Ny.,) as follows:
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Nrej = I—(]- - C) . N~|7 Nufr = min(l_Nrej : wu—| 5 Nu); Nucr = Nrej - Nufr (6)

We then proceed by separately ordering the fair and unfair instances of the
validation data according to the confidence function v(x). On the fair instances,
we determine the threshold 7 such that Ny, instances fall below this threshold,
and on the unfair sample such that N.g instances exceed 7.

5 Experimental Evaluation

The goal of our experimental section aims to address the following questions:

Q1: Does IFAC achieve comparable results to state-of-the-art selective classifiers
in terms of predictive performance and fairness?

Q2: How does IFAC explain the drivers behind unfairness-based rejections, and
how could these explanations be utilized?

Q3: How do coverage c and the unfair-reject weight u,, affect our results?

5.1 Experimental Settings

Data and Baselines. We run experiments considering two real datasets,
namely ACSINCOME [14] and WISCONSINRECIDIVISM [5]. The former is about
predicting high or low income based on instances’ education, occupation etc. We
define sex (male vs. female) and race (white vs. black vs. other) as sensitive
attributes and take the group of white men as our reference group. We compare
their treatment to each intersectional group based on race and sex.

WISCONSINRECIDIVISM contains information about criminal defendants, like
their type of offense, number of prior offenses, etc. The task is to predict if they
will not recidivate. We take race as the sensitive attribute (white vs. black
vs. other). Because of a base classifiers’ lower False Negative and higher False
Positive rates on white people, we define this as the reference group?.

We use different classification algorithms, namely a Random Forest, a Neu-
ral Network, and an XGBoost Classifier. We fitted all models with the default
parameters of the corresponding Python libraries. Starting from these base clas-
sifiers, we compare IFAC with the following model-agnostic methods:

— Full Coverage (FC): the classifier itself when predicting on all the instances
(¢ =1.00)

— Uncertainty Based Abstaining Classifier (UBAC): The plug-in algorithm by
[27]. This is the most well-known model-agnostic method and achieves state-
of-the-art performance [37]. As for IFAC, we consider v(x) = maxycy s, (X)
as the confidence function. The rejection threshold is computed according to
the coverage-calibration procedure.

4 For full details on the preprocessing steps executed on both datasets we refer to our
github repository.
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Because we consider discrimination based on non-binary sensitive attributes
(and in the case of ACSINCOME even intersectional discrimination), we do not
compare with the fair abstention mechanism of Schreuder et al. [40] as a baseline,
which only works on a single binary sensitive feature.

Hyperparameters. For Q1 and Q2, we set ¢ = .80 for the abstaining classi-
fiers. Further, for IFAC we set the unfair reject weight (w,) equal to 1.0. The
intuition behind this is that if the coverage is large enough, IFAC should abstain
from predicting any unfair instance, and only if not, fairness interventions should
be performed. For the Situation Testing algorithm used by IFAC we set £, i.e.
the number of neighbors used for the fairness comparisons to 10, and ¢ to 0.3.
For extracting discriminatory association rules we use the apriori algorithm of
apyori with min. support of 0.01 and min. confidence of 0.85.

Metrics. For Q1, we evaluate predictive performance in terms of accuracy, pre-
cision, and recall on all non-rejected instances. Concerning fairness measures, we
report the False Negative, False Positive, and Positive Decision Rates for the dif-
ferent demographic groups of each dataset. Further, we report the range and the
standard deviation across demographic groups over these measures. Note, that
we define these measures regarding the desirable label of each dataset. Hence,
the positive decision ratio for ACSINCOME is the ratio of high income prediction,
and for WISCONSINRECIDIVISM it is the ratio of non-recidivism predictions.

Experimental Setup. We split each dataset into training, two validation, and
a test part (40% for train, 15% for each validation, and 30% for test) and train
the classifiers on the former. For IFAC we learn the discriminatory associations
on the first validation set. The reject thresholds for both IFAC and UBAC are
calibrated based on the second. Finally, we randomly split the test set into 10
samples [32] and compute the final metrics on each of these samples. We provide
results as averages and standard errors over these 10 test set samples.

5.2 Results

Q1: Performance and Fairness. We describe the predictive performance on
each dataset and each classifier-methodology combination in Table 1. As can be
seen, both selective classification methods improve upon the performance of FC,
however, for UBAC this improvement is slightly larger, especially for the income
prediction task.

In Fig. 3 we can see how the increased performance of UBAC comes at the
cost of its fairness. In this Figure, we highlight the results of a Random Forest
classifier combined with different selective classification methods, showing the
average False Negative -, False Positive, and Positive Decision Rates (FNR,
FPR, and PDR) over demographic groups (the results for Neural Networks and
XGBoost follow the same patterns and are included in the Appendix). We also
highlight the range of these metrics across demographics (i.e. the performance
difference between the highest- and lowest performing group) and the standard
deviation. Fairer classifiers should score lower on both metrics, to ensure that
there are no big performance differences across groups.
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Table 1. Performance Results ACSINCOME and WISCONSINRECIDIVISM

ACSINCOME ‘WISCONSINRECIDIVISM

Acc. Rec. Prec. Acc. Rec. Prec.

RF [FC 78 £ .01 .57 £ .02 .65 £+ .03].62+.01 .77+.01 |.654.01
UBAC|.83 £ .01.62 + .02.69 + .03/.65+.01.83+.01 |.66+.01
IFAC .80 + .01 .59 &+ .04 .64 4+ .03|.65+.01/.83+.01 |.66+.01
NN [FC .80 + .01|.58 4+ .03|.71 £ .03 |.63+.01 |0.74+.01/.65+.01
UBAC|.86 + .01.62 + .03.77 + .03/.66+.02|.77+.01 |.68+.02
IFAC |.83 4+ .01 .58 £+ .03 .73 £ .02|.66+.02.76+.01 |.68+.02
XGBFC .81 £ .01 .60 £ .03 .73 £+ .03|.63%+.01 .774.01 |.654.01
UBAC.87 + .01.64 + .03/.78 + .03/.66+.01/.83+.01 |.68+.01
IFAC .84 + .01 .59 4+ .03 .75 4+ .03|.66+.01.82+.01 |.68+.01

Starting with ACSINCOME, we see that for UBAC this is not the case: we
observe an especially unequal distribution of FNR across demographic groups,
with the highest difference being 0.4 (between white men and black women).
This difference is even higher than for the FC classifier, as the UBAC selection
mechanism only decreases the FNR for white men while increasing it for others.
With using IFAC this effect does not occur: through rejecting predictions that are
at high risk of unfairness, FNRs decrease for minority groups like women or black
people, and overall the rates become more equal across demographics, bringing
the range down to 0.2 and the std. to 0.08. The patterns are slightly less strong
when considering the FPR and PDR across demographics, but still hold. Similar
patterns occur for WISCONSINRECIDIVISM: the range and standard deviation
for FNR, FPR, and PDR across demographics decrease when using IFAC, while
they increase with UBAC. We acknowledge that the effect is less strong here, but
attribute this to IFACs selection criteria for unfair instances being too strict.
In Appendix D we show results with a lower threshold ¢ for situation testing
(meaning that more instances can get rejected out of unfairness concern), where
IFAC makes FNR, FPR, and PDR nearly equal across groups. Further, we
highlight how equalizing error rates across demographics is only the first step
towards improving the fairness of the decision task. As we illustrate in the next
section, enabling humans to review rejected instances and the explanation behind
them, is the most crucial contribution of our method.

Q2: Explaining Unfair Rejections. One of the main advantages of IFAC
is that it can explain why rejected predictions are seen as unfair. In Fig.4 we
show some explanations behind rejected instances for both of our datasets, and
we use the ACSINCOME case to highlight how a human expert can utilize them.
We see two instances that were both rejected based on the same global pattern
of unfairness: the classifier predicting “low income” ratios for black women, aged
between 30 and 39 working in management, than for people with the same age
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False Negative Rates False Positive Rates Positive Decision Ratios

1.00-
W Black, Female  mBlack, Male
0.75- M Other, Female M Other, Male
B White, Female B White, Male

0.50 -
- .u-i el d .d H
000 il

FC UBAC IFAC UBAC IFAC UBAC IFAC
range (.27 0.40 0.20 0 19 0.18 0.14 0 34 0.38 0.27

std.  0.11 0.17 0.08 0.07 0.07 0.05 0.12 0.13 0.09

False Negative Rates False Positive Rates Positive Decision Ratios

1.00-
M White 1 Other M Black

0.75-
0.50-
0.25-
0.00-

FC UBAC IFAC FC UBAC IFAC UBAC IFAC
range 0.14 0.14 0.10 0.09 0.13 0.08 0 13 0.15 0.11

std.  0.07 0.07 0.06 0.05 0.07 0.05 0.07 0.08 0.06

Fig. 3. Performance measures over demographic groups when applying a Random For-
est in combination with various selective classifiers on ACSINCOME (above) and Wis-
CONSINRECIDIVISM (below). A regular UBAC increases differences in error- as well as
positive decision rates among groups. Using IFAC, and rejecting instances based on
unfairness, diminishes these differences.

and occupation, but different demographics. While an algorithm only analyses
such patterns statistically, human experts can examine them with sensitivity
surrounding their historical context. For instance, it is well known that racism
and sexism contribute to hostile work environments for black women. Hence, a
human expert can reason how these dynamics may hinder fair compensation in
roles like management, that are normally associated with high salaries.

The results of situation testing provide further insight into the unfairness of
the classifier: For both instances, a high ratio of the 10 most similar white men
have a high income; explaining why their own low income predictions are marked
as unfair. However, for the first instance, many of the white men considered for
the comparison have a higher education level and amount of working hours than
her. Since it makes sense, that people working part-time do not get the same
compensation as people working full-time, the low income prediction could be
seen as justified and a human reviewer could decide to keep it. For the second
case, all similar white men do share the instances’ education level, working hours,
etc. Hence, there is no justification for why she would be the only one receiving a
low income prediction, and a human expert could decide to override this decision.
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(sex = Female AND race = Black AND age = 30-39 AND race = White AND offense = Driving Intoxicated
occupation = Management) -> low income AND prior misdemeanors _d.1'.5 AND prior felonies = 0->
Confidence: 1.000, SLift: 0.658 , not redivicate

Confidence: 0.932, SLift: 0.456
age: 30-39 High Income Rates Redivism Rates
marital status: Married Similar white men: 6/10 race: White Similar non white men: 7/10
educa_hon: ngf.r School Similar non white men: 2/10 age: 4_0-49 Similar white men: 3/10
workinghours: 20-39 . . . case type: misdemeanor
workclass: private - 4/6 of white men with high offense: driving intoxicated || - 3/7 of non white men who
occupation: ll;/llamsgement income have a Bachelor prior felonies: 1-5 redivicate have 6-10 prior
race: Blacl prior misdemeanors: 1-5 misdemeanors
sex: Female - 6/6 work at least 40-49 hours prior criminal traffics: 0
age: 30-39 Similar white men: 9/10 - Similar non white men: 9/10
marital status: Married Similar non white men: 3/10 race: Whita Similar white men: 3/10
education: Bachelor Degree ) age: 18-29 ) §
workinghours: 40-49 - all of them share instance's case type: criminal traffic - all of them share instance's
workclass: private education, offense: driving intoxicated age,
occupation: Management workinghours, prior felonies: 1-5 prior felonies,
race: Black marital status prior misdemeanors: 1-5 prior misdemeanors
sex: Female workclass prior criminal traffics: 0 prior criminal traffics

Fig. 4. Examples for ACSINCOME (left) and WISCONSINRECIDIVISM (right) of two
rejected instances, and the explanation behind their rejections.

To conclude, these examples show how IFAC’s interpretable-by-design rejec-
tor can have a large impact in increasing the fairness of a decision process. In
particular, our approach goes beyond a rough statistical analysis of discrimi-
natory patterns and allow for the integration of human domain knowledge to
achieve a much deeper fairness assessment.

Q3: Effects of ¢ and w,. In this section, we explore the effect of parameters ¢
and w, on IFAC’s performance. Out of space constraints, we only report the
results with a Random Forest as a base-classifier on ACSINCOME. The results
for the other classifiers and the other dataset follow the same pattern and are
included in the Appendix. In Fig.5 we visualize how the accuracy, the range in
positive decision ratio across demographics, and the standard deviation change
as a function of the coverage and the w,. Unsurprisingly, for both UBAC and
IFAC the accuracy drops as the coverage increases. Regardless of the coverage
and the w, UBAC outperforms IFAC. Further, we see that a lower w, comes
at the cost of accuracy, especially when the coverage is high. Intuitively this
makes sense: w, determines how many of the unfair predictions are rejected,
and for how many an intervention is performed. With the low weight of 0.25,
the majority of unfair prediction labels are simply flipped, and only the ones
with very high prediction probability are abstained from. With an increase in
coverage, this pattern is more extreme, as the general number of instances that
can be abstained from is lower. When observing the effect of differing coverages
and w, on the fairness of the predictions, we observe that performing more
interventions (as a result of a lower w,, ) has a desirable effect: both the range and
standard deviation of positive decision ratios decreases across demographics. The
effect is again larger for higher coverages because fewer allowed rejections mean
more interventions, which bring the positive decision ratios across demographic
groups closer together.
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Accuracy Range Pos. Ratio Std. Pos. Ratio
0.14
0.12
0.10
.-s‘~ [
=~ \\\
= 0.08 S
~o - U S~ - -
.- .-
0.6 0.7 0.8 0.9 0.6 0.7 0.8 0.9 0.6 0.7 0.8 0.9
coverage coverage coverage

[ = FC == UBAC == IFAC, w,=1.00 = = IFAC, w,=0.25 |

Fig. 5. Effects of ¢ and w, parameters in our selective classification settings.

6 Discussion and Conclusion

In this paper, we have introduced IFAC, an Interpretable and Fair Abstaining
Classifier. This classifier rejects predictions from a base classifier, both in cases of
uncertainty and unfairness. Unfairness rejections are based on the interpretable-
by-design methods of unfair association patterns and situation testing. Through
our experiments, we have shown how using our abstention mechanism yields sat-
isfying overall performance, while improving fairness across demographic groups
over all non-rejection instances. This stands in contrast to a regular uncertainty-
based abstaining classifier, that does not take the fairness of predictions into
account. We have also shown how the explanations behind our abstention mech-
anism, can empower human decision-makers to review the rejected instances and
make fairer decisions for them. This holds immense potential for complying with
recent Al regulations, which require automated decision-making processes to be
supervised by humans to mitigate the risks of discrimination. By only having to
review instances at high risk of unfairness, our framework can make this pro-
cess more practical and time-efficient. To further empower human users, further
research could involve human experts in the selection of at-risk subgroups and
in choosing distance function and parameters for Situation Testing. Also, user
studies can help in understanding how humans engage with such a system. For
this, one should consider adding explanations for all non-rejected instances, so
that humans can still explore the base classifier in the accepted cases.
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